Abstract. Accurate segmentation of the right ventricle (RV) is a crucial step in the assessment of the ventricular structure and function. Yet, due to its complex anatomy and motion segmentation of the RV has not been as largely studied as the left ventricle. This paper presents a fully automatic method for the segmentation of the RV in cardiac magnetic resonance images (MRI). The method uses a coarse-to-fine segmentation strategy in combination with a multi-atlas propagation segmentation framework. Based on a cross correlation metric, our method selects the best atlases for propagation allowing the refinement of the segmentation at each iteration of the propagation. The proposed method was evaluated on 32 cardiac MRI datasets provided by the RV Segmentation Challenge in Cardiac MRI.
Introduction
An estimated 17.5 million people died from cardiovascular diseases in 2005, accounting 30% of deaths around the world [1] . Over the last fifteen years, magnetic resonance imaging (MRI) has become a routine modality for the determination of patient cardiac morphology. An accurate extraction of the anatomical information is crucial to obtain reproducible quantitative measurements to support the diagnosis and follow-up of cardiac pathologies as well as to develop new clinical applications. Manual delineation of the anatomical structures is a long and tedious task, which is prone to inter-and intraobserver variations. Therefore, it is highly desirable to develop techniques for automatic segmentation.
For years, left ventricle (LV) segmentation in cardiac MRI has been the main focus of several research groups. For instance, it has been the subject of two different segmentation challenges 1 . We refer the reader to [2, 3] for detailed reviews on the topic. Due to its larger anatomical complexity, right ventricle (RV) segmentation has not been as extensively explored. However, recent work [4] has highlighted the importance of RV structure and function assessment in the management of cardiac diagnosis and the determinant role of a high quality RV segmentation. The aim of this paper is to participate in the RV Segmentation Challenge in Cardiac MRI, an initiative to gather up and review state of the art methods in the field. Fig. 1 . The shape of the ventricles can vary significantly between basal (top row) and apical slices (bottom row), end-diastole (left column) and systole (center column) and different patients (left and center column vs. right column). The use of atlases exhibiting a great variability can have a negative effect on the label fusion process.
In the remaining sections of the paper, we first describe the proposed segmentation approach, followed by the results obtained with the segmentation challenge data. Finally, we discuss on the obtained results and some conclusions are presented.
Methodology
The RV segmentation method presented here is inspired on a previous approach for 3D whole heart segmentation using an atlas-based propagation segmentation propagation framework [5] using a single atlas, combining an intensity image and a label image. Following this idea, we make use of multiple atlases for segmentation propagation in order to extract the endocardium and epicardium of the RV.
Multi-atlas segmentation propagation is typically performed in two stages. First, the unseen image is registered to all the intensity images of the atlases, followed by the mapping of the label images to the unseen image space using the obtained transformations. Then, at the second stage, the transformed labeled images are combined into a single segmentation of the unseen image through a label fusion method. As our segmentation is performed on 2D and cardiac images can show large variability ( Fig. 1) , it is necessary to perform an atlas selection that chooses the best suited atlases for a particular unseen image slice. For this matter, we use a multi-label fusion strategy based on the STAPLE algorithm that incorporates a fast locally normalised cross correlation (LNCC) based ranking combined with a consensus based region-of-interest selection and an iterative Markov Random Field into the a multi-label STAPLE algorithm [6] . For further details on this multi-label fusion strategy, here denoted as STEPS, we refer the reader to [7] .
Instead of applying only once the multi-atlas propagation framework to an unseen image, we use a coarse-to-fine strategy that incrementally refines the segmentation by means of the multi-atlas propagation. The coarser segmentation obtained at each propagation level is used as a mask to start the registration gradually up to the finest level. The different steps of our coarse-to-fine strategy, illustrated in Fig. 2 , are described in the following.
Phase I. Heart localization. At a first stage, we seek to define a region of interest (ROI) that encloses the heart in the unseen image. At this phase, the unseen image is globally registered to the atlases using a block matching approach [8] . The obtained transformations are applied to the atlas' label images, which are all fused using majority voting. Figure 2 shows the typical output ROI for the whole heart. Phase II. Rough segmentation. The unseen image ROI obtained from phase I is used as a mask in the registration step of phase II. The use of a mask allows the removal of structures surrounding the heart, e.g. the liver and the ribs, that can affect the registration procedure.
At this phase, two different registration steps are perfomed. The atlas are rigidly registered [8] to the masked unseen image, followed by a non-rigid alignment using a fast free form deformation algorithm [9] . After non-rigidly transforming the atlases, i.e. both intensity and label images, to the unseen image space, we apply an NCC-based ranking strategy [7] in order to determine for each unseen slice which are the most suitable registered atlases slices to use. We selected only the 10% best ranked atlases as several of the registrations fail to provide a good alignement of the unseen image and the atlases. The selected atlases slices were then fused using the STEPS algorithm [7] in order to obtain an initial RV rough segmentation (Fig. 2) . As at this stage only the top 10% atlases are used, the results from thie fusion step still don't have a high quality.
Phase III. Segmentation refinement. In order to accurately initialize an affine registration for all the atlases, all the label images are affinely aligned [8] to the estimated rough segmentation. The transformed label images are fused through majority voting. As in phase II, this mask is used to remove surrounding structures in the final image-to-image non-rigid registration. With the non-rigid transformations, the label images are propagated and resampled using a nearest neighbor interpolation to preserve the binary nature of the segmentations. Finally, we make use of the multi-label fusion algorithm [7] that first ranks every atlas slice based on the NCC and then fuses locally the labels of the N best ranked atlases N = |atlas| 3
. Table 1 summarizes the different registration and fusion algorithms involved at each phase of the coarse-to-fine strategy.
Experiments and Results
The RV Segmentation Challenge in Cardiac MRI provided the participants with an initial set of 16 MR images containing manual annotations of the RV epicardium and endocardium 2D contours. We used these annotations to build up label images. These, in combination with the intensity MR images, made up our atlas set. As each dataset contained end-diastole (ED) and end-systole slices, separate atlases were built for ED and ES.
Training and parameter optimization of the algorithm was performed using a leave-one-out strategy using the training datasets. On a subsequent stage, the challenge organizers provided 16 additional cases (test set) to which our method was applied. In such scenario, the complete training set was used as an atlas. In average, the segmentation of a complete case (i.e. segmentation of both ED and ES) took 12 minutes. Evaluation of the results was performed in terms of both image-and patient-based criteria. Image-based criteria included the Dice metric (DM) and the Hausdorff distace (HD), whereas patient-based criteria, assessed endocardial volume at ED and ES, ejection fraction (EF) and ventricular mass (VM). Further details on the evaluation metrics can be found on the challenge website 2 . Table 2 summarizes the results of our method for RV segmentation in terms of image-based metrics. The results show that the algorithm performs better at ED than ES. This can be explained by the fact that the image quality is higher at ED than at ES. By analyzing the DM and HD on a slice-basis, it can be seen that the proposed method has a high performance on basal slices, with an average DM = 0.93 and HD = 4.31. However, the segmentations on apical slices are of lower quality affecting the overall DM and HD scores. Figure 3 shows segmentation results in six different cases obtained from the challenge that illustrate the differences between basal and apical segmentations. Figure 4 shows the regression plots for the endocardial volume at ED and ES. For both cases, the regression coeffictient is good (0.96 and 0.97 respectively) and the spread of the values is relatively low, demonstrating that the influence of the poor segmentation in the apical slices doesn't have much influence in the endocardial volume estimation. Errors obtained in the computation of the ejection fraction (EF) and ventricular mass (VM), which are based on volume estimations, are reported in table 3.
Discussion and Conclusions
In this paper, we have presented a multi-atlas propagation and segmentation approach for the segmentation of the RV epicardium and endocardium in ED and ES. As the RV segmentation is done currently in 2D and RV contours exhibit Fig. 3 . Example segmentations on cases 21 (left), 22 (center) and 01 (right) at both ED (top row) and ES (bottom row). Basal slices achieve high quality segmentations, whereas it fails on apical slices, specially, in the epicardium extraction.
large variation along the heart, we make use of a multi-label ranking criterion, based on the local normalized cross correlation, to select the best atlases for label fusion. The results show that the method perform well on average but there are some cases in which it fails. In particular, our method has a very high performance on the basal slices, whereas the scores obtained for apical slices are lower (Figure 3 ). These can be explained by two factors: 1) The image quality at the apical slices is rather low. As the registration, the atlas ranking and the label fusion are intensity-based, poor image quality can affect the results, and 2) the regions to be segmented at the apical slices are rather small, which implies that the atlases' masks are also small at these slices. When the masks are used in the registration process to supress undesired structures, the remaining information is insufficient, causing the intensity-based registration, rigid or non-rigid, to fail.
Nonetheless, these problems can be solved if the registrations are performed in 3D, where more image information can be used for both registration and fusion. Due mainly to slice thickness of this type of images, our current registrations are done in 2D. We will focus our efforts in the extension of the framework so that it can be applied to 3D.
In conclusion, we have presented a fully automatic segmentation method applied to the extraction of RV epicardium and endocardium. The results show that the method is in average succesful in the segmentation results. The segmentations obtained in the basal slices are of very high quality, whereas the results in the apical ones are less good mainly because the registration stage fails to properly align the atlases with the unseen image.
